Imprecision, uncertainty and heterogeneity of environmental data
Ecologists collect and evaluate data from all possible data sources, sources of objective (mostly quantitative) data, like measurements and simulation results and sources of subjective (often only imprecise qualitative) information, like subjective estimations obtained from an expert. Not all ecological parameters are measurable, for example, the number and biomass of fi sh in a particular lake. Besides the usual problem of searching for effective methods for data analysis and modelling, there are some additional problems with handling ecological data. These problems result from some characteristic properties of environmental data, namely:
• Large data sets (spatial data with high resolution, long time series, etc.) • Heterogeneity, which results from: different data sources, -different types of data (e.g. quantitative and qualitative data) and -different data structures and data formats (e.g. time series, spatial data). -• A large inherent uncertainty which results from: presence of random variables, -incomplete or inaccurate data (inaccuracy of measurement), -approximate estimations instead of measurements (due to technical or fi nancial problems), -incomparability of data (varying measurement or observation conditions), -imprecise qualitative instead of quantitative information (due to technical or fi nancial -problems), incomplete or vague expert knowledge and -subjectivity of the information obtained from expert. -
The requirements for the methods of ecological modelling and data analysis arise from the properties mentioned above. Thus, special methods for data analysis and modelling should be used to handle imprecision, uncertainty and heterogeneity of environmental data.
Fuzzy sets and fuzzy logic in ecological applications
There are a number of ways to deal with uncertainty problems (e.g. probabilistic inference networks or belief intervals), but the most successful method of dealing with the imprecision of data and vagueness of the expert knowledge is the fuzzy approach. The Fuzzy Set Theory is based on an extension of the conventional meaning of the term 'set' and deals with subsets of a given universe, where the transition between full membership and no membership is gradual [1] . That means an element of the universe can also only partly belong to this set, in the case of fuzzy sets with the membership value from the interval [0, 1] . The membership of this element can be split up between different sets. Therefore, the boundaries of fuzzy sets are not sharp, which refl ects better the continuous nature of ecological parameters. The Fuzzy Set Theory formulates specifi c logical and arithmetical operations for processing information defi ned in the form of fuzzy sets and fuzzy rules.
Fuzzy logic is the multi-value extension of the rules of conventional logic. This extension defi nes fuzzy inference methods, which are particularly useful for working with vague knowledge representation in the form of linguistic rules. The linguistic rules can contain imprecise terms, which can be represented by fuzzy sets. Compared with conventional methods of data analysis and modelling, the fuzzy approach enables us to make better use of imprecise ecological data and vague expert knowledge. Fuzzy sets can be used to handle the imprecision and uncertainty of data and fuzzy logic to handle inexact reasoning.
Fuzzy classifi cation, spatial data analysis, modelling, decision-making and ecosystem management are the main application areas of the Fuzzy Set Theory in ecological research. Some examples for these application areas are mentioned below.
Fuzzy classifi cation and spatial data analysis
The problem of classifying a number of ecological objects into classes is one of the main problems of data analysis and arises in many areas of ecology. Conventional classifi cation methods (e.g. clustering) based on Boolean logic ignore the continuous nature of ecological parameters and the imprecision and uncertainty of ecological data; this can result in misclassifi cation. Fuzzy clustering methods can be applied for fuzzy classifi cation, which means the partition of objects into classes with not sharply formed boundaries. We can fi nd many applications of fuzzy clustering in different topics of ecology. Compared with conventional classifi cation methods the fuzzy clustering methods enable a better interpretation of data structure. Zhang et al. [2] apply the fuzzy approach to the classifi cation of ecological habitats and Hollert et al. [3] to the ecotoxicological contamination of aquatic sites. Fuzzy clustering was also used recently to examine the fl oristic and environmental similarity among reaches [4] .
A fuzzy approach can be very useful for spatial data analysis when probabilistic approaches are inappropriate or impossible, e.g. for the classifi cation of topo-climatic data [5] . Burrough et al. [5] conclude that the fuzzy clustering procedure yields sensible topo-climatic classes that can be used for the rapid mapping of large areas. Liu and Samal [6] explored some fuzzy clustering approaches to the land use mapping (delineation of agroecozones), whereas Rao and Srinivas [7] used fuzzy clustering for the regionalization of watersheds for fl ood frequency analysis.
Fuzzy classifi cation is now widely accepted in remote sensing of spatial data. There are some examples of the analysis of remotely sensed data like satellite images in geoinformatics [8] [9] [10] .
Further examples of the fuzzy spatial data analysis can be found in Salski and Bartels [11] . In this study, a fuzzy approach to regionalization is based on the fuzzy extension of the interpolation procedure for spatial data, the so-called kriging. Fuzzy kriging utilizes exact (crisp) measurement data as well as imprecise estimates (defi ned as fuzzy numbers) obtained from an expert. This means, the fuzzy kriging method can also be used where there is an insuffi cient amount of exact data (e.g. measurement data) and the conventional kriging method cannot be applied. Therefore, if the collection of new data is impossible or too expensive, the extension of the data set by additional imprecise estimates can be considered. In comparison with the conventional interpolation methods, the results of the regionalization based on the fuzzy kriging procedure refl ect better the imprecision of input data.
Fuzzy modelling, decision making and ecosystem management
Modelling is the next main application area of fuzzy sets and fuzzy logic in ecology. Fuzzy knowledge-based modelling can be particularly useful where there is no analytical model of the relationships to be examined or where there is an insuffi cient amount of data for statistical analysis. In these cases, the only basis for modelling is the expert knowledge that is often uncertain and imprecise. Fuzzy logic can be used here for the representation and processing of this vague knowledge [12, 13] . The knowledge-based models with the fuzzy IF-THEN rules are mostly based on the Mamdani-inference method [14] . The second type of fuzzy models is the Sugenotype model [15] , which is well suited to modelling based on stipulated input-output data pairs. We can call this type of fuzzy modelling the data-based modelling. These models work well with optimization methods, e.g. with the learning techniques of neuronal networks [16] .
The integration of the fuzzy evaluation and inference mechanisms into the expert system technique provides development tools for decision-making and fuzzy expert systems. There are some examples in the land suitability analysis [11] and in decision support in ecosystem management [17, 18, 19] . The evolution of expert systems into fuzzy expert systems (adding imprecision or uncertainty handling to expert systems) enables the extension of their application area for complex ecological problems.
Hybrid approaches to data analysis and ecological modelling
There are also a number of hybrid approaches, which result from linking the fuzzy approach with other techniques, e.g.:
fuzzy approach with neural networks [2] Two examples of the fuzzy approach to ecological data analysis and modelling are presented in this chapter, namely fuzzy classifi cation of wetlands and fuzzy modelling of cattle grazing.
Fuzzy classifi cation: a fuzzy clustering approach
The usual sharp cluster analysis, which defi nitely places an object within only one cluster, is not particularly useful for data of high uncertainty. With fuzzy clustering, it is no longer essential to 
where d ij is the distance between ith object and jth cluster centre (mostly the Euclidean distance or the diagonal norm), n is the number of objects, c ∈ N is a desired number of clusters (2 ≤ c ≤ n), m is a weighting exponent (the so-called fuzzifi er), m ≥ 1, μ ij represents the membership of the ith object to the jth cluster, which satisfi es the following conditions:
Using the weighting exponent m (fuzzifi er), the degree of partition fuzziness can be determined. In comparison with conventional clustering methods, the distribution of the membership values thus provides additional information, namely the membership values of a particular object can be interpreted as the degree of similarity between this object and the respective clusters. If the number of clusters is not known a priori, then the evaluation of the quality of the partition by means of the partition effi ciency indicators is of special importance. Ecological data are often presented with a semblance of accuracy when exact values cannot be ascertained. Such problems naturally arise in applications when data are imprecise and information is not available about distributions of variances, which describe data inaccuracy. In such cases, it may only be possible to obtain estimates of data scatter, which can be treated in the context of fuzzy sets and used for defi ning fuzzy data in the form of fuzzy vectors in a high dimension [24, 25] . Yang and Liu [26] defi ned the distance-based objective function for the extended fuzzy c-means procedure for fuzzy vectors as follows:
where i A is the ith object and j C is the jth cluster, both defi ned as so-called conical fuzzy vectors, and d c is the distance between i A and j C defi ned by ( ) 
is the diagonal sum of ( )
The fuzzy clustering procedure proposed by Yang has been extended for the diagonal norm and implemented for the Fuzzy Clustering System Eco-Fucs developed at the University of Kiel [27] . The diagonal norm is a highly recommendable distance measure in the case of heterogeneous ecological data with different domain scales. In such cases, we can transform data in a uniform manner before we start the clustering procedure. Eco-Fucs applies the fuzzy c-means method and offers four distance norms as a measure of similarity between the object and the respective clusters (the Euclidean-, Diagonal-, Mahalonobis-and the L1-norm) and a set of methods for calculating the start partition (WARD, conventional ISODATA, maximum-distancealgorithm, sharp or fuzzy random partitions). The choice of the distance norm depends on the data set. The partition effi ciency indicators available in Eco-Fucs (entropy, partition coeffi cient, payoff and non-fuzziness index) can be very helpful in searching for the optimal partition.
An application example: fuzzy classifi cation of wetlands for determination of water quality improvement potentials
Eutrophication of surface water bodies is a major environmental problem. Next to the implementation of best land use practice, wetland restoration is frequently suggested as a management option to reduce nutrient concentrations in rivers by using their nutrient transformation potential [28] . The nutrient removal effi ciency of individual wetlands depends on the specifi c geohydrological conditions, the catchment position and the present water management. However, the potential of an individual wetland for water quality improvement is, to a large extent, controlled by the proportions of different hydrological infl ow pathways entering a wetland. This information is used to classify wetlands into potential hydrological water budget types. These types can be connected with type-specifi c water management strategies for water quality improvement. In this case study, the fuzzy clustering approach was used to classify individual wetlands into a limited number of ecohydrological functional wetland types based on water budget information. These types are linked to infl ow pathway-oriented water management strategies for water quality improvement.
Study area and methods
The objects of this study are the wetlands in the river Stör basin (1769 km²) in north-west Germany. The River Stör meets the River Elbe west of Hamburg. In the River Stör basin, organic soils cover an area of 12.3%. The climate is cool temperate with a mean annual temperature of 8.6°C and a mean annual precipitation of 900 mm. The climatic water budget is positive with a mean annual water surplus of approximately 330 mm resulting in a mean daily run-off of 9.1 m³ ha -1 . All wetlands in the Stör basin are affected by agriculture and drainage. Eighteen per cent is used as agricultural fi elds and 61% as grassland.
For each wetland, the quantities of the hydrological infl ow pathways precipitation, river water infl ow and lateral water infl ow are calculated on the basis of mean annual climate conditions (for values, see above) and digital available data (wetland distribution; high resolution basin boundaries) according to eqns (3)- (6):
Q la = A la * GWS (6) Q in is the total water infl ow to a wetland in l yr -1 as the sum of precipitation infl ow (Q pe ), river water infl ow from the upstream area (Q up ) and lateral water infl ow from the surrounding basin (Q la ). The precipitation infl ow Q pe is calculated from the wetland area (A pe ) in ha and the mean annual precipitation PR in l ha -1 , the river water infl ow from the upstream area Q up is calculated from the upstream area (A up ) in ha and the mean annual groundwater seepage GWS in l ha -1 , and the lateral water infl ow from the surrounding basin Q la is calculated from the surrounding area (A la ) in ha and the mean annual groundwater seepage GWS in l ha -1 . The quantities of the infl ow pathways were transformed into percentages, where Q in equals 100, to get comparable values for the infl ow pathways of each wetland.
The proportions of the water infl ow pathways of 682 wetlands were clustered with the Fuzzy Clustering System Eco-Fucs [27] . A fuzzy clustering approach was chosen to handle the uncertainty of the input data. In this study, the proportions of the water infl ow pathways for each wetland are uncertain due to incomplete knowledge about the spatial heterogeneity of climate data in the basin, inaccurate information about basin boundaries and wetland distribution or vague expert knowledge about water infl ow and potential functioning.
Results and discussion
The spatial distribution pattern of wetlands in the Stör basin obtained from the calculated water budget proportions is consistent with the general knowledge of wetland hydrology. Precipitation dominated wetlands (bogs) occur mainly in the headwater basins or on the watershed boundary.
Wetlands, which receive a major part of their water infl ow via lateral water infl ow, are located in the upper parts of the Stör basin. The proportion of lateral water infl ow in the water budget of the wetlands decreases downstream. Wetlands located downstream receive a major part of their water infl ow via river water infl ow. Clustering the data set with a diagonal distance norm resulted in a good allocation of 575 wetland objects or 84% into seven groups. However, due to the uneven area distribution of the wetland objects in the study area, only 65% of the wetland area could be classifi ed with a membership value of >0.8. In 41 cases, the membership value was <0.5. Therefore, around 17% of the wetland area could not be classifi ed with a satisfactory accuracy.
The seven clusters identifi ed by fuzzy clustering are grouped into four main ecohydrological functional wetland types, which are characterized by the proportion of groundwater, river water and precipitation water in the water budget (Table 1) . Their spatial distribution is displayed in Fig. 1 . The fi rst group is characterized by a dominance of groundwater in the water budget. This group is further divided into clusters 5, 1 and 6. Clusters 5 and 1 receive about 90% of the water infl ow via groundwater and are therefore separated from cluster 6 where groundwater infl ow is about 60%. Objects falling in cluster 1 receive a signifi cantly higher contribution of precipitation water compared with cluster 5.
The second group consists of objects belonging to clusters 2 and 4; the water budget of these wetlands is characterized by similar proportions of both river water and groundwater infl ow. In cluster 2, the groundwater proportion is higher and in cluster 4, the river water proportion dominates. The third group holds objects belonging to cluster 3; here, the water budget is clearly dominated by river water infl ow. The water budget of objects belonging to group 4 (cluster 7) is dominated by precipitation as the main water source.
Presently, water authorities in Europe involved with implementing the Water Framework Directive have an increasing demand for methods for selecting most effective sites and methods for nutrient retention. Available approaches for wetland site selection for water quality improvement focus either on surface fl ow wetlands [29] or on lateral water infl ow [30] .
This approach presents a wetland classifi cation scheme on the basis of water budget information. The water budget of a wetland contains information of the potential functioning of an individual wetland in the landscape water and nutrient cycling. This information can be used to determine a wetland-specifi c water management aiming at reducing nutrient input into surface water bodies. The approach is limited by the quality of the available digital data sources. The spatial distribution of membership values, which illustrates the classifi cation uncertainty, is a 274 (40) 96 (14) 46 (7) 55 (8) 70 (10) 127 (19) 14 (2) Peatland area km² (%) 9.8 (4) 13.8 (5) major advantage of using fuzzy clustering for environmental management and decision-making. Figure 2 displays the membership values of the wetland sites gained from fuzzy classifi cation. Areas with a high uncertainty of the classifi cation result have a membership value below 0.5. Environment managers may use this additional information for justifying management strategies. In areas with uncertain classifi cation results, further investigation may be necessary to develop a sound management strategy. High-resolution basin boundary data used by water authorities do not equal the real basin boundaries of the wetlands in the area. Due to this error, the groundwater proportion is overestimated for small wetlands. However, this type of error is negligible for larger wetlands in the study area. Based on water budget information, three major water management strategies for an effective water quality improvement are distinguished:
1. Best land use management is required to reduce nutrient losses resulting from mineralization of organic matter under drained conditions. A best land use management is most effective on all wetlands, which receive major proportions of their water budget via precipitation (clusters 6, 7). 2. A buffer zone management is the most effective strategy for wetlands, which receive a high proportion of groundwater in their water budget (clusters 1, 2, 4, 5, 6, 7) . A buffer zone management aims at restoring the lateral connectivity between the surrounding upland, the wetland and the river system. This strategy has a high effi ciency for the reduction of nitrate input into surface water bodies due to denitrifi cation processes at the groundwater-peat interface.
3. A river or fl ooding management is an effective water management strategy for all wetlands, which receive major proportions of the water budget via river water infl ow (clusters 2-4). However, creation of a fl ooding regime for water quality improvement will be effective only if the mean annual hydraulic detention time is larger than 5 days. In many wetlands, this condition cannot be achieved; therefore, in these cases, a buffer zone management is the most effective management strategy. However, the restoration of the longitudinal connectivity between wetlands and the river system has positive effects for improving the site-specifi c vegetation structure, species composition or seed dispersal.
It can be concluded that a fuzzy clustering approach is a suitable method for determining an ecohydrological functioning wetland type based on water budget information in large river basins. These wetland types can be linked qualitatively to a most effective water management strategy for water quality improvement.
Fuzzy modelling
Depending on the availability and quality of data, we can distinguish between two main fuzzy model types, the knowledge-based and data-based models. In cases where we have an insuffi cient amount of data for statistical analysis or where the degree of uncertainty of this data is very high, the only basis for modelling is expert knowledge. Ecologists often use vague and It should be noted here that these linguistic rules are subjectively formulated by a domain expert. The set of linguistic rules and the defi nitions of appropriate fuzzy sets compose the knowledge base of the model. Using a fuzzy inference, we can work with this knowledge base and calculate model output values for given input values. The model's performance can be improved by adjustments to the knowledge base.
If a suffi cient amount of data of high quality is available, we can use it for developing a fuzzy data-based model that is mostly based on the Sugeno-type inference and rules [15] The parameters of the linear output function a, b and c can be identifi ed by optimization procedure based on stipulated input-output data pairs. The output y of each rule is a linear function of the input variables x 1 and x 2 , and the fi nal output of all rules is the weighted average of each rule's output. The inference method for these rules works well with optimization techniques, e.g. learning techniques of neuronal networks.
In this chapter, examples of fuzzy knowledge-and data-based models developed using the Fuzzy Logic Toolbox of MATLAB © [31] are presented.
An application example: a fuzzy and neuro-fuzzy approach to modelling cattle grazing in Western Europe
In Western Europe, many low productivity grasslands have become abandoned during the last decades, resulting in habitat loss for rare grassland species. Many nature conservation projects introduced low-density cattle grazing as a low-cost management tool to restore or preserve grassland habitats. The projects vary in pasture size, stocking density, duration of grazing season, productivity and history of the site. The pastures are characterized by a productivity that is higher than the forage requirements of the grazing stock, so parts of the vegetation are left ungrazed. In areas of no specifi c conservation value, the improvement of heterogeneity of vegetation structure due to cattle grazing can be seen as a suffi cient goal in nature conservation, but if long-term protection of populations of a rare species is required, the question of predictability of grazing pressure is raised. A number of investigations identifi ed more than 10 factors determining the grazing intensity. Various models have been developed from such research, and although none of the models takes into account all the investigated aspects, many of them are very detailed, resulting in a high burden of input data and they are developed for a limited number of plant communities (for example Innis [32] , Oene et al. [33] , Johnson et al. [34] ). They may achieve a high accuracy in the predictions, but the data requirements limit their practical application. Therefore, fuzzy logic was chosen to develop grazing models from more easily collectible data sets with a higher degree of uncertainty to answer questions connected with nature conservation.
Methods
In a river valley in northern Germany, three pastures of 24-36 ha size were investigated, consisting of a spatial mixture of organic and mineral soil [16] . The characteristics of the three pastures and the differences between the years 2000 and 2001 are shown in Table 2 . Summer grazing with about 1.5 cattle per ha was introduced in 1999 or 2000. In 2000, different features were mapped in the fi eld and GIS-based maps of three pastures were converted into grid cells of 10 × 10 m in size. The following three properties were determined for each cell and included in the models as the input variables. The output variable of both models is the grazing intensity.
Forage quality
The data available for developing the models include vegetation maps, with vegetation classifi cation based on a set of about 400 vegetation plots. For most plants of Central Europe, forage quality indicator values for free grazing cattle are defi ned by Klapp [35] . The mean forage quality for a specifi c vegetation type was calculated using the occurrence and frequency of different plant species within the vegetation plots of each vegetation type. of lower quality at a higher intensity. If a high-quality patch is enclosed by poor quality food, it might be left ungrazed. The forage value of the surrounding grid cells was added, divided by the number of grid cells and the variation from the central cell is quoted as a second parameter.
Forage quality of the surrounding

Water table
Estimates of the mean annual water table in centimetres below the surface derived from vegetation type [36] were used as an indicator of soil-carrying capacity. High water tables result in low carrying capacity and cattle avoid very soft soils. The water table data set and the forage value are both connected with the vegetation type and therefore are not independent.
The grazing intensity (output variable)
Grazing intensity was mapped in fi ve equally sized classes six times in 2000 and four times in 2001. For patches greater than 16 m², the amount of missing biomass was estimated. After transferring the data to a GIS map, the fi nal grazing intensity was calculated by summing up the values from the different fi eld mappings of each grid cell and dividing them by the number of mapping dates.
Input-output data sets
The input-output data sets consist of data from all three input variables and the output variable collected on three pastures in 2000 and of one data set in 2001. The input-output datasets for Blumenthal (2000) and Flintbek (2000) were chosen as the basis for further model development. The accuracy of the developed models was checked for all four data sets.
Three-step development procedure of the Sugeno-type model of grazing intensity
The neuro-fuzzy approach was used to develop a Sugeno-type model of grazing intensity. This modelling technique provides a method to 'learn' from a data set, to fi nd the model structure and compute the model parameters that best allow the developed fuzzy model to track the given input-output data. We used the so-called neuro-adaptive learning technique incorporated into ANFIS in the Fuzzy Logic Toolbox of MATLAB © . The formulation of fuzzy models based on this technique was accomplished by a three-step procedure.
Clustering
We applied the subtractive clustering procedure of ANFIS © to a collection of input-output data; each cluster centre was used as the basis for rule estimation and the number of clusters determines the number of rules. The co-ordinates of the cluster centres determine the initial parameter values of membership functions. The result of this step is the 'rough' fuzzy model, which has to be optimized. Four clusters were calculated for the input-output training data set Blumenthal (2000) as a basis for the model structure and training procedure (step c). This means that the structure of the Sugeno-type model (Blu_2000) developed on this data set consists of four rules.
Transformation into a neuronal network
The rule set obtained at the previous step was transformed into an adaptive neuronal network [37] . It is a special kind of feed-forward neural networks with supervised learning capability. The learning rule specifi es how the parameters of the adaptive nodes of the network should be changed to minimize a model error. The structure of this network results from the clustering process (step a) and consists of four rule nodes, four membership function nodes for each input variable and four nodes for the linear output function of the Sugeno-type model.
Learning of the neuronal network
The learning of the adaptive neuronal network by a combination of least squares estimation and back-propagation methods was used to estimate the optimal model parameters (parameters of the membership functions in the premise part and parameters of the linear function in the consequent part of rules).
To select the fi nal structure of the model, we were looking not only for the model with maximum accuracy for the training data, but we also searched for the 'optimum' model with an acceptable generalization capability, which means acceptable results for the data sets different from training datasets.
Mamdani-type model of grazing intensity
The Mamdani-type model is the knowledge-based model with linguistic rules. The experts frequently use natural language for describing a system or process, which has to be modelled. Therefore, their knowledge can be represented by a set of linguistic rules in a natural way. However, the linguistic terms used in these rules are vague and imprecise; but, they can be defi ned in the form of fuzzy sets [1] . These fuzzy sets, defi ned for all input and output variables and the set of rules, form the knowledge base of the Mamdani-type model. Fuzzy logic provides the means to process this knowledge and compute output values for given input data.
The knowledge-base of the developed model consists of 27 linguistic if-then rules, e.g.:
if the forage quality is 'high' and the forage quality of the surrounding is 'high' and the water table is 'low' then the grazing intensity is 'very high'.
The linguistic terms 'low', 'high', 'very high', etc. in these rules correspond to fuzzy sets defi ned for the output and each input variable.
Results
To check the accuracy of the Sugeno-type models for training data two models, (Blu_2000) and (Fli_2000) based on the datasets Blumenthal 2000 and Flintbek 2000, were developed (see Table 3 ). The accuracy of these two models for training data is adequate (the root mean squared errors equal 13. The accuracy of the Mamdani-type model was checked for the same input data sets as for the Sugeno-type models. The root mean squared error of the Mamdani-type model is higher than the error of the Sugeno-type models for training data, but not so high for other data sets. This suggests that compared with data-based Sugeno-types models, the generalization capability of the knowledge-based Mamdani-type models for other pastures is better.
In Fig. 3 the difference in the modelled and mapped grazing intensity is presented for the two models (Mamdani-type model and Blu_2000) as a GIS map for the pasture Flintbek. Both models underestimated the grazing intensity in the central part of the pasture. On the other hand, the cows grazed some areas on the border of the pasture less than predicted by the model, indicating that grazing intensity has an additional spatial compound.
The fuzzy and neuro-fuzzy approaches differ in their sensitivity to the heterogeneity of data. Relatively high accuracy and good applicability confi rm high suitability of fuzzy knowledgebased models of grazing intensity, particularly when data of high quality are unavailable or when data are limited. In the case of neuro-fuzzy data-based models, high accuracy can be achieved for training data and other data sets from the same pasture; however, transfer of such models to other pastures may not be suitable. In such cases, the Sugeno-type models are better-adapted to training data, but not always well fi tting for other pastures. To raise the predictive power, generation of new models (based on new datasets) for other pastures with very different features (or for a different cattle density) is recommended. Further modelling attempts suggest that a high differentiation of patches of different grazing intensity in the fi eld is unsuitable for developing Sugeno-type models. A very high heterogeneity in the training data produces models that are very specifi c to one pasture, but show signifi cant error when applied to others.
There are general differences between the two model-types that determine their suitability for different questions. Because the Sugeno models are more sensitive to differences in the data sets, the size of the error can be used to focus on the differences of the data set and increase our understanding of the underlying processes. The Mamdani-type models are less sensitive to differences in the data sets and are more suitable for predictions.
The modelling results can be used for the identifi cation of potential confl icts in nature conservation. Generally, the model results predict low grazing intensities in the peaty areas of some pastures. This may result in an increase in plant species characteristic for abandoned grasslands, which can counteract conservation aims, due to the loss of rare grassland species.
Final remarks
The problem of imprecision of data and vagueness of expert knowledge appears in many areas of ecology. Fuzzy interpretations of data structure and a fuzzy representation of expert knowledge are a very natural and intuitively plausible way to formulate and solve some uncertainty problems in environmental data analysis and ecological modelling. Both applications presented in this study confi rm the suitability of fuzzy methods in the classifi cation of uncertain ecological data and in knowledge-based modelling.
The number of fuzzy logic applications in the data analysis and ecological modelling is constantly growing. Fuzzy approach is now widely accepted in the analysis of spatial data and in remote sensing of spatial data. An increasing interest in applications of fuzzy expert systems in environmental management and engineering can be expected in the near future.
There are also increasing number of applications of hybrid systems, which link the fuzzy approach with other techniques, e.g. neural networks, genetic algorithms, cellular automata or GIS technique. The integration of the fuzzy concept into other approaches seems to be very promising for use in ecological applications.
